Dideriksen JL, Negro F, Enoka RM, Farina D. Motor unit recruitment strategies and muscle properties determine the influence of synaptic noise on force steadiness. Motoneurons receive synaptic inputs from tens of thousands of connections that cause membrane potential to fluctuate continuously (synaptic noise), which introduces variability in discharge times of action potentials. We hypothesized that the influence of synaptic noise on force steadiness during voluntary contractions is limited to low muscle forces. The hypothesis was examined with an analytical description of transduction of motor unit spike trains into muscle force, a computational model of motor unit recruitment and rate coding, and experimental analysis of interspike interval variability during steady contractions with the abductor digiti minimi muscle. Simulations varied contraction force, level of synaptic noise, size of motor unit population, recruitment range, twitch contraction times, and level of motor unit short-term synchronization. Consistent with the analytical derivations, simulations and experimental data showed that force variability at target forces above a threshold was primarily due to low-frequency oscillations in neural drive, whereas the influence of synaptic noise was almost completely attenuated by two low-pass filters, one related to convolution of motoneuron spike trains with motor unit twitches (temporal summation) and the other attributable to summation of single motor unit forces (spatial summation). The threshold force above which synaptic noise ceased to influence force steadiness depended on recruitment range, size of motor unit population, and muscle contractile properties. This threshold was low (Ͻ10% of maximal force) for typical values of these parameters. Results indicate that motor unit recruitment and muscle properties of a typical muscle are tuned to limit the influence of synaptic noise on force steadiness to low forces and that the inability to produce a constant force during stronger contractions is mainly attributable to the common low-frequency oscillations in motoneuron discharge rates.
motor control; neuromuscular modeling THE NEURAL MECHANISMS underlying the generation of motor commands are inevitably influenced by noise (Faisal et al. 2008) . A spinal motoneuron, for example, receives up to 60,000 synaptic connections (Ulfhake and Cullheim 1988) that can each elicit a brief excitatory (EPSP) or inhibitory (IPSP) postsynaptic potential to modulate the membrane potential of the motoneuron (Heckman and Enoka 2004) and thereby in-fluence the variability in the timing of its action potentials (Berg et al. 2007) . Experimentally observed coefficients of variation (CoVs) for motoneuron interspike intervals (ISIs) are usually in the range of 10 -30% during voluntary muscle contractions (Clamann 1969; Matthews 1996) , which reflects the random fluctuations in the membrane potential, henceforth termed synaptic noise. The variability in ISIs is also influenced by low-frequency oscillations in the common synaptic input to the motoneuron population (De Luca et al. 1982b) .
The relative influence of synaptic noise and low-frequency oscillations on movement variability is uncertain. One approach to determining the role of each source of variability in movement has been to focus on the variability in the force exerted by a muscle during a steady contraction. The CoV for isometric force is usually Ͻ5%, except at low forces, as observed for intrinsic hand muscles (Barry et al. 2007; Burnett et al. 2000; Danion and Gallea 2004; Galganski et al. 1993; Laidlaw et al. 2000; Lee Hong and Newell 2008; Moritz et al. 2005; Tracy et al. 2007 ), elbow flexors (Brown et al. 2010; Tracy et al. 2007 ), ankle flexors (Tracy 2007) , and knee extensors (Christou et al. 2002; Tracy and Enoka 2002) . Some studies have suggested that force variability is at least partly associated with the ISI of motor unit discharge times (Jones et al. 2002; Moritz et al. 2005) , whereas others indicate a greater role for low-frequency oscillations in the trains of action potentials (Negro et al. 2009 ).
The aim of this study was to investigate the influence of motor unit recruitment strategies and muscle contractile properties on the transmission of synaptic noise into force variability. We hypothesized that the mechanisms underlying the transduction of neural input into muscle force reduce the influence of synaptic noise on motor output variability in such a way that common low-frequency oscillations in the motor unit spike trains rather than the presence of synaptic noise is the limiting factor for force steadiness at most contraction intensities. The study comprised theoretical derivations, a computational model that simulated the adjustments in the magnitude of the input to the motoneuron population in order to maintain a constant isometric force, and experimental observations related to the theoretical and simulation results. The outcomes provide a systematic assessment of the impact of synaptic noise on force steadiness.
METHODS
The approach was based on a theoretical derivation of the muscle force produced by the spike trains of an ensemble of motoneurons. The mathematical details of this derivation are reported in APPENDIX A. The computational model simulated the force produced by a population of motoneurons that received a common drive signal. The theoretical analysis and the simulation results demonstrate that the synaptic noise normally present in the input received by a motoneuron pool is largely eliminated from the force signal because of temporal and spatial filtering. Experimental measurements on the abductor digiti minimi muscle were consistent with the simulation results.
Force Generation: Temporal and Spatial Filtering of Motoneuron Spike Trains
A mathematical description of the generation of force (r) is as follows:
r͑t͒ ϭ ͚kϭ1 N x k͑ t͒ · ͚iϭϪϱ ϩϱ ␦͑t Ϫ k,i͒ ϭ ͚kϭ1 N g k͑ t͒ (1) where g k (t) is the kth train of motor unit twitch forces, x k (t) the twitch force of the kth motor unit, N the total number of active motor units, and k,i the random variables describing the discharge times i of the kth motor unit spike train. Twitch force [x k (t)] had a longer impulse response for low-threshold motor units compared with high-threshold motor units. The random variables k,i were expressed as
where k,i are independent random variables with the same probability density function f k,i ͑x͒ ϭ q͑x͒∀k,∀i.
The power spectrum of the process r(t) can be obtained from the theory of linear time-invariant systems and is given by Tetzlaff et al. (2008) :
where G ␥ k,k (f) and G ␥ k,l (f) are, respectively, the auto-and crossspectra of the spike trains. Equation 3 simply describes the spectrum of the total force as the summation of the auto-and cross-spectra of the spike trains that are filtered by the transfer function of the single motor unit twitch forces. The mathematical derivations for spectra of the spike trains can be found in APPENDIX A. Based on these derivations and assuming independence of the N spike trains, the auto-spectra can be written as
where Q k (f) is the Fourier transform of the probability density function f k,i (x). Equation 4 defines the spectrum of the kth spike train as the sum of two contributions: a continuous spectrum and a line spectrum. A continuous spectrum has values for a certain interval of frequencies, whereas a line spectrum represents a signal with power concentrated at discrete frequencies (i.e., sum of sinusoids that are Delta functions in the frequency domain). In Eq. 4, the line spectrum has lines at multiples of the mean discharge rate that have an amplitude proportional to the square of the mean discharge rate ͩ 1 T k 2 ͪ but with the total bandwidth limited by the power spectrum of the probability density function for the ISI |Q k (f)| 2 . The frequency bandwidth is inversely proportional to the standard deviation of the random variables k,i : A spike train with a low discharge variability has a line spectrum with greater bandwidth compared with one that has more variability. The continuous spectrum has a value of 0 for f ϭ 0 and reaches the limit value of 1 T k for frequencies greater than the bandwidth of |Q k (f)| 2 . The frequency bandwidth of this spectrum is proportional to the variability of the ISI. In the extreme case of a fully regular spike train, for example, |Q k (f)| 2 is equal to 1 (the probability density function is indeed a Dirac delta) and, therefore, the continuous spectrum is 0 and only the line spectrum is present (Eq. 4). Moreover, the first term of Eq. 3 indicates that the spectra of the N spike trains are low-pass filtered by the transfer function of the corresponding motor unit twitch force. This low-pass filter is referred to as the temporal filter (TF) in force generation. Because of the relatively slow contraction times of muscle units, this filter attenuates most of the high-frequency oscillations in motoneuron spike trains. The influence of the filter depends on the twitch properties (its impulse response is the twitch), which means that slow motor units have twitches with smaller frequency bandwidth compared with faster motor units. The influence of the twitch filter depends on its efficiency in reducing the power at frequencies different from zero (DC). In the absence of ISI variability, the generated force will still be variable because of the periodicity of the spike train and this will be limited by the transfer function of the motor unit twitch. The cross-spectra in Eq. 3 can be written as follows:
Equation 5 states that the contributions of individual cross-spectra to the total force spectrum (Eq. 3) occur at DC. The number of crossspectra that contribute to power at DC increases with the number of spike trains. These cross-spectra do not influence other frequencies because they are assumed to be independent. The combination of Eqs. 3, 4, and 5 describes the second type of filtering experienced by the spike trains, which is the filtering due to the summation of several spike trains and is referred as spatial filtering (SF). For physiological values of the parameters in the equations, the effect of this filter is to increase the DC component of the force relatively more than the higher-frequency components because of the contributions of both the auto-spectrum and the cross-spectra for each spike train to the DC component. Consequently, force variability tends to decrease with an increase in the number of summed spike trains. In contrast to the TF that depends on muscle contractile properties only, the efficiency of the SF depends on the size of the motor unit population and recruitment properties of the activated motor units. The combined influence of the TF and SF is to reduce high-frequency components (both line and continuous spectra) relative to the DC component in the generated force and thus to improve force steadiness. The CoV for force is indeed the ratio between force standard deviation (which is the square root of the area of the force spectrum outside DC) and the mean force value (which is the square of the value of the force spectrum at DC). Because of these filters, only the low-frequency components of the control signal are transmitted to the force signal. Moreover, slowly varying components in the control signal will be further enhanced if they are spread as common input to the entire motoneuron pool.
Numerical Model
The study was based on a recently developed model (Dideriksen et al. 2010 ) that represented the motor unit recruitment and rate coding characteristics (Fuglevand et al. 1993 ) of the first dorsal interosseus muscle (FDI; index finger abductor) (Barry et al. 2007; Herbert and Gandevia 1999; Moritz et al. 2005) . The present version of the model introduced a PID (proportional, integral, derivative) control algorithm that estimated the common neural drive to the motor unit population required to achieve a target force. A previous study demonstrated that the temporal and spectral characteristics of the simulated force variability, as well as the characteristics of the motor unit discharge rate variability, closely resembled experimental observations (Dideriksen et al. 2010) .
The model was implemented in MATLAB v. 7.11 (The Math-Works, Natick, MA), and simulations were performed with a sample rate of 1,000 Hz. The duration of all simulations was at least 10 s from the time the target force was reached.
Motor Unit Synchronization and Twitch Contraction Time
In addition to performing simulations with the same parameters as described by Dideriksen et al. (2010) , we repeated simulations with high levels of motor unit synchronization and with variations of motor unit twitch contraction times. Motor unit short-term synchronization (henceforth termed synchronization), which is defined as an abovechance tendency for pairs of motor units to discharge action potentials at about the same time (Buchthal and Madsen 1950) , is commonly found during voluntary contractions in humans (Semmler 2002) and is known to increase force variability (Halliday et al. 1999; Yao et al. 2000) . As synchronization is the result of common synaptic input to motoneurons (Datta and Stephens 1990; Sears and Stagg 1976) , it was implemented in the model by adding a common random input (white Gaussian zero-mean noise low-pass filtered at 100 Hz; Negro and Farina 2011) to the fluctuations in synaptic noise (added in Eq. 35 in Dideriksen et al. 2010) . The ratio between the standard deviations of the common input and the total synaptic noise of each motoneuron was set to 0.67, which corresponded to an average common input strength (CIS; see Analysis of Simulation Data) for all motor unit pairs of ϳ1 imp/s at a contraction level of 10% of the maximal voluntary contraction (MVC) force, which corresponded to the greatest levels commonly observed in upper extremity muscles of healthy individuals (Dartnall et al. 2008; Dideriksen et al. 2009; Semmler and Nordstrom 1999; Semmler et al. 2002) .
Because the distribution of twitch contraction times varies across motor unit populations and depends on acute and chronic adaptations, such as muscle fatigue (Fuglevand et al. 1999) , sympathetic activation (Roatta et al. 2008 ), high-intensity training (Andersen and Aagaard 2010) , and aging (Narici et al. 1991) , the simulations were performed with the contraction time of each motor unit multiplied by 0.5 (fast muscle) or 2 (slow muscle). Although these adjustments likely exaggerate the magnitude of the in vivo adaptations and were imposed homogeneously across the motor unit population, this approach provides an estimate of the influence of twitch contraction time on the results observed.
Simulations with varying synchronization levels or with varying motor unit contraction times were performed at target forces of 0.5%, 1%, 1.5%, 2%, 3%, 4%, 5%, 7%, 10%, 15%, and 20% MVC. The simulations were repeated 10 times for each target force to account for variability in the random parameters of the model.
Size and Recruitment Range of Motor Unit Populations
Simulations were also performed with motor unit populations of 100, 150, 200, 300, 400, and 500 by modifying the control algorithm as described in APPENDIX B. Furthermore, the upper limit of motor unit recruitment was varied across these simulations by changing the relation that established the recruitment thresholds (Eq. 1 in Fuglevand et al. 1993) . The upper limits of motor unit recruitment used in the simulations were 40%, 50%, 60%, and 70% MVC force, which corresponded to recruitment of 50% of the motor unit population at 4%, 5%, 7.5%, and 10% MVC force, respectively. Intrinsic hand muscles typically exhibit full recruitment at 50 -60% MVC (Kukulka and Clamann 1981; Thomas et al. 1986 ), whereas the value is ϳ90% for larger muscles, such as biceps brachii and soleus (Kukulka and Clamann 1981; Oya et al. 2009 ).
The standard deviation of the synaptic noise was modeled as proportional to the magnitude of the synaptic input (see Eq. 35, Dideriksen et al. 2010) . A gain function was used to control the magnitude of synaptic noise, and the influence on force variability (CoV for force) was examined for each condition. Four values for gain were used (0.5, 1, 1.5, and 2), which resulted in discharge rate variability that spanned the physiological range (ϳ5% to 30%).
Simulations were performed with all combinations of these three parameters (size of motor unit population, recruitment range, and gain of synaptic noise) and were repeated 5 times each, yielding a total of 480 simulations for each target force. The simulated target forces ranged from 0.5% to 4% MVC with increments of 0.5% MVC force, from 4% to 12% MVC with increments of 1% MVC force, and from 12% to 60% MVC with increments of 2% MVC force.
Analysis of Simulation Data
The composite spike train (CST) and force signals for the simulations with varying levels of synchronization and twitch contraction times were high-pass filtered (0.5 Hz, 2nd order Butterworth filter). CST was defined as the sum of the individual spike trains of all active motor units and corresponded to the neural drive to the muscle. To investigate how variability in the neural drive was transmitted to force, the cross-correlation (peak value in the range Ϯ500 ms of zero time lag) between the two signals was estimated for the CST low-pass filtered with various cutoff frequencies (3, 6, 9, 12, and 15 Hz, respectively; 2nd order Butterworth filter). Because force was obtained by convolving the CST with the sum of several twitch shapes, a perfect correlation between the two signals was not expected (Negro et al. 2009 ).
The level of synchronization and common drive were estimated for contractions that were simulated for 90 s at 10% MVC force. Synchronization was estimated by generating cross-histograms (Ϯ50 ms relative to the reference motor unit discharge; bin width 1 ms) of all combinations of motor unit pairs. Simulation duration was adjusted to achieve an average bin count of 4 or greater for most motor units (Semmler et al. 1997) . The width of the synchronous peak in the cross-correlation histogram was identified by using the cumulative sum (Ellaway 1978) , and synchronization was quantified by the CIS index (Nordstrom et al. 1992) , which denotes the number of synchronous discharges in excess of chance per second. Similarly, the common drive index (De Luca et al. 1982b ) was estimated for all combinations of motor unit pairs. The time-varying, detrended instantaneous discharge rate was smoothed with a 400-ms Hanning window (Semmler et al. 1997) and was divided into nonoverlapping intervals of 5-s duration. The maximal value of the cross-correlation in the range Ϯ250 ms of zero time lag was estimated for all motor unit pairs in each time window.
Linear regression was applied to the pairs of simulated CoVs for ISI and force individually for the simulations conducted with the same number of motor units and recruitment range. The slope of the relation between the two CoVs was computed with linear regression, and the influence of CoV for ISI on CoV for force was considered negligible when this slope was smaller than 0.1 (unit: CoV force/CoV ISI).
Experimental Procedures
The experiments were performed on four healthy men (age 25 Ϯ 2.5 yr, mean Ϯ SD) in accordance with the Declaration of Helsinki, with a protocol that was approved by the local ethics committee (approval number N-20090019). All four men gave written informed consent before participating in the experiment.
EMG signal recordings. Single motor unit action potentials were recorded with intramuscular EMG electrodes comprising Tefloncoated stainless steel wires (diameter 0.1 mm; A-M Systems, Carlsborg, WA) that were inserted with 25-gauge hypodermic needles. To maximize the number of motor units detected in each contraction, two pairs of wires were placed ϳ1 cm apart in the transverse direction in the proximal portion of the abductor digiti minimi muscle. The needles were removed once the wires had been inserted. Each wire was cut to expose the cross section of the tip without insulation. The two bipolar intramuscular EMG signals were amplified (Counterpoint EMG; Dantec Medical, Skovlunde, Denmark), band-pass filtered (500 Hz to 5 kHz), and sampled at 10 kHz.
Procedure. The subject was seated on an adjustable chair with the right arm extended in a force brace (Aalborg University) in front of the subject. The elbow angle was ϳ120°. The fifth finger was fixed in the isometric device so that the abduction force exerted by the finger could be measured. The forearm and the other four digits were secured with Velcro straps. The force produced by the fifth finger was measured with two force transducers (Interface), one in the transverse plane (abduction force) and the other in the sagittal plane (flexion force). The force signal was sampled at 10 kHz and stored on a computer. Visual feedback of the abduction force was provided on an oscilloscope.
The subjects performed three MVCs with the test muscle, resting for 2 min between contractions. The maximal force achieved during each contraction was considered the reference MVC force. Five minutes after the MVCs, the subject performed two steady contractions for 10 s each at target forces of 2.5% and 10% MVC. The flexion force was monitored during each contraction, and trials were repeated when this force was not negligible.
EMG signal decomposition. The action potentials of individual motor units were identified from the intramuscular EMG signals recorded from the two locations in the muscle by the use of a decomposition algorithm (McGill et al. 2005 ). An experienced operator manually edited each motor unit spike train, and any unusually long (Ͼ250 ms) or short (Ͻ20 ms) ISIs were inspected for potential discrimination errors (Negro et al. 2009 ).
Analysis of experimental data. The first common component (FCC) of the smoothed motor unit discharge times was derived as an estimate of the common low-frequency oscillations in the discharge rates (Negro et al. 2009 ). The CoVs for ISI, force, and FCC were computed as the ratio (%) between the respective SD and mean values. The CoV was computed for all variables using intervals of 1-s duration, and the 10 values obtained from the steady 10-s contractions were analyzed with correlation analysis. The peak values from the cross-correlation functions between CoVs for ISI and force and between CoVs for FCC and force were computed for both target forces. The strength of these associations indicated the relative contribution of ISI variability and FCC variability to the force steadiness.
RESULTS
The first section of RESULTS presents a theoretical derivation to demonstrate the influence of TF and SF in a simplified condition when the only variability in the spike trains was that due to synaptic noise. The second section reports the results obtained with the computational model when a realistic lowfrequency oscillation was added to the input received by the motoneurons. Such oscillations represent the active adjustments by the central nervous system (CNS) in controlling muscle force (PID controller in the numerical model). When appropriate, experimental results are provided in the second section as validation of the simulations.
Filtering of Synaptic Noise
The analytical expression of the power spectrum for force (Eq. 3) predicts that force variability depends on the characteristics of the spike trains and the twitch forces of the motor units. Figure 1 shows how the timing variability in the spike trains influences force variability. The spike trains were generated with Gaussian-distributed ISIs with a given mean value; therefore, no control signal was applied in this theoretical example (see the model results below). Two motor unit spike trains were simulated with the same average discharge rate of 8 pps but with the CoV for ISI set at 5% for one trial and 15% for the second. The probability density functions for the random ISIs are shown in the time and frequency domains (spectrum) for the two trials (Fig. 1, A and B) .
The frequency bandwidth of the spectrum for the probability density functions was inversely related to the standard deviation. In this example, the two spike trains had frequency bandwidths of ϳ50 Hz and 20 Hz, respectively. Figure 1 , C and D, show the spectra (Welch periodogram, rectangular windows of 1-s length) for the two spike trains. According to the second term in Eq. 4, the spectrum of a spike train is given by a line spectrum at frequencies that are multiples of the average discharge rate with an amplitude proportional to the spectrum of the probability density function of the ISI random variables (Fig. 1, C and D) . Additionally, the continuous spectrum at high frequencies is given by the first term of Eq. 4 and is shown in Fig. 1, C and D. The differences in the frequency bandwidths of the two spectra are evident and directly related to the CoV for ISI of the two spike trains: More variable spike trains have a continuous spectrum with greater frequency bandwidth and greater attenuation of the line spectrum (Fig. 1, C and D) . Figure 1, E and G, show the influence of TF on the fluctuations in force due to the twitch transfer function (Fig. 1, F and H) . The convolution of the spike trains with the twitch impulse responses (rise time, T ϭ 30 ms) low-pass filters the high-frequency components in the spectrum of the spike trains (compare the power spectra of the spike trains in Fig. 1, C and D, with those of the force in Fig. 1, E and  G) and reduces the high-frequency content of the force variability in the time domain. Figure 2 shows the influence of spatial summation for five individual spike trains on the corresponding force spectrum. The spike trains have different average discharge rates (8.3, 9.1, 10, 11.1, and 12.5 pps) but the same CoV for ISI (10%). Figure 2A shows the individual power spectra of the spike trains and the corresponding spatial summation. The spectra are normalized to the mean value of the signals or the value at zero frequency. According to Eq. 3, this example shows how the SF can blur the contributions at high frequencies relative to the mean amplitude of the signal (DC component). Figure 2B shows the same results, but after the convolution with the twitch impulse response; for simplicity, the same twitch force was used as in the previous example for all motor unit spike trains. The normalized spectra show how the combination of TF and SF drastically reduces the signal components that contribute to force variability beyond DC.
Filtering of Low-Frequency Oscillations
Unless stated otherwise, the next set of results refers to the simulation conditions for FDI as implemented in Dideriksen et al. (2010) , with 120 motor units, no synchronization, and default values for twitch contraction time and gain of synaptic noise. The neural drive to the muscle (all the action potentials delivered to the muscle from the output layer of the spinal cord) contains frequency components that are attenuated by low-pass filtering of the individual motor unit twitches (TF) and the summation process that produces muscle force (SF). Figure 3 depicts the temporal and spectral characteristics of each step involved in the generation of muscle force for a simulated contraction at 20% MVC force. The power spectra for motor unit force display a prominent spectral peak at ϳ3 Hz associated with the low-frequency fluctuations (3 Hz) embedded in the control signal (determined by the PID control algorithm). When the single motor unit forces were summed, SF enhanced this component with respect to other spectral lines associated with discharge rate variability. Figure 4 shows a representative example of simulated force, average motor unit discharge rate, force variability, and motor unit discharge variability for 20-s contractions with target forces ranging from 0.5% MVC to 20% MVC. Average discharge rate (Fig. 4B ) increased with target force, and its standard deviation increased as more motor units were recruited. Consistent with experimental observations for the FDI, the relative force variability (CoV) in the simulations was greatest at low forces (Ͻ4% MVC) and declined to a steady level at higher forces (Barry et al. 2007; Burnett et al. 2000; Galganski et al. 1993; Laidlaw et al. 2000; Lee Hong and Newell 2008; Moritz et al. 2005; Tracy et al. 2007 ). These results were also confirmed by the experimental analysis performed in the present study on the abductor digiti minimi muscle, as the CoV for force was higher at 2.5% MVC force (3.5 Ϯ 1.2%) than at 10% MVC (1.9 Ϯ 0.5%).
When common synaptic noise was imposed to induce synchronization (CIS ϭ 1), the CoV for force increased by ϳ1.5 percentage points (pp) for target forces Ͼ2% MVC and by up to 4 pp for lower forces (Fig. 4C ). This increase in force fluctuations was related to greater variability in the magnitude of the PID control signal; its CoV increased from 2.6 Ϯ 0.3% (without synchronization) to 3.6 Ϯ 0.3% (with synchronization). The relative discharge variability (CoV for ISI; averaged for all active motor units) exhibited a trend similar to the force variability across the simulated forces (Fig. 4, C and D) . Because the proportion of motor units just below threshold is greatest at low forces, the average discharge variability was greatest at low forces (Matthews 1996) . The average level of common drive to the motor unit population (De Luca et al. 1982b ) was 0.35 for the contraction at 10% MVC force, both with and without synchronization, which is within the range observed experimentally (Mochizuki et al. 2006; Semmler et al. 1997) .
The correlation between CoV for force and CoV for descending drive was ϳ0.4 at low forces (Ͻ4% MVC) and increased to 0.88 at 20% MVC force. The association between CoV for ISI and CoV for force changed in the opposite direction: R ϭ 0.62 for forces Ͻ4% MVC and R ϭ 0.31 for 20% MVC. These results were confirmed by the experimental observations shown in Fig. 5 . In the experiments, 44 single Fig. 1 . Representation of the power spectra (AU, arbitrary unit) of 2 simulated spike trains with coefficient of variation (CoV) for interspike interval (ISI) of 5% (low variability) and 15% (high variability). According to Eqs. 3 and 4, the probability density function of the ISI (A and B) influences the frequency support of the power spectrum of the generated spike train (C and D). The impulse response of the twitch force low-pass filters (F and H) the line spectra, reducing the variability in the force signal (E and G). motor unit spike trains were identified in the four subjects (2.5% MVC: 9 motor units; 10% MVC: 35 motor units). The strength of the association between CoV for FCC and CoV for abduction force increased with target force (2.5%: 0.36 Ϯ 0.24; 10%: 0.70 Ϯ 0.23), in contrast to the strength of the association between CoV for ISI and CoV for abduction force (2.5%: 0.77 Ϯ 0.09; 10%: 0.31 Ϯ 0.31). Figure 6 depicts the smoothed power spectra for the simulated forces ranging from 1% to 20% MVC. The power spectra comprise two peaks: a prominent low-frequency peak and a secondary peak that reflects the average motor unit discharge rate (see Fig. 4B ). This distribution of power is consistent with the experimental observations with most of the power in the 0 -4 Hz band (Dewhurst et al. 2007; Slifkin and Newell 1999) . Furthermore, spectral peaks related to the motor unit discharge rate have only been observed at low forces (Galganski et al. 1993) . The greater relative amplitude of the low-frequency spectral peak at high forces is reflected in a decrease in the median power frequency with an increase in force, indicating a smoother force signal with an increase in target force (Fig. 4D) . The decline in median frequency for muscle force contrasts with the stable value for individual forces of the contributing motor units, and the bandwidth for the first spectral peak (Ͻ5 Hz) was narrower for muscle force than for single motor unit forces. These observations indicate that the summation of single motor unit forces preserves the low-frequency content of single motor unit forces, as expected theoretically from the sum of uncorrelated components (noise), and that this filtering occurred once the target force exceeded ϳ10% MVC for this set of simulation conditions. When a sufficient number of motor units were active, therefore, the ensemble of the spike trains correlated with the low-frequency oscillation in muscle force. Figure 7 depicts the correlation between fluctuations in force and CST when CST was low-pass filtered at different cutoff frequencies for contraction levels up to 20% MVC for simulations with (Fig. 7B) and without (Fig. 7A ) synchronization. The correlation was less influenced by the low-pass filter cutoff frequency at low target forces (Ͻ5% MVC), which indicates that a wide spectrum of the synaptic noise was transmitted to muscle force. At greater target forces (Ͼ10% MVC), however, the correlation was high only when CST was filtered at low cutoff frequencies (Ͻ6 Hz), which indicates that only the low-frequency components of the discharge pattern are transmitted to force. Synchronization had little influence on the magnitude of these correlations (Fig. 7B) .
Motor unit twitch contraction times influenced the power spectrum for force ( Fig. 8) , the median frequency of muscle force and individual forces of the contributing motor units (Fig. 9, A and B) , and the transmission of spike-train frequencies to muscle force (Fig. 9, C and D; representation similar to Fig. 7 ). An increase in contraction time (longer twitches) augmented the influence of the filter and reduced the threshold force above which only the low-frequency content was transmitted to force (ϳ2% MVC; Fig. 9B vs. Fig. 9A ). Consequently, the full spectral content of the spike trains is transmitted to muscle force when twitch duration is shortened for target forces up to 20% MVC (Fig. 9, C and D) , whereas only the common lowfrequency input is transmitted with longer contraction times. The correlation between the spike trains and force fluctuations was greater for short contraction times with a low-pass filter at 15 Hz than at 3 Hz (Fig. 9C) , whereas the converse association was observed for longer contraction times (Fig.  9D ). Thus the influence of TF and SF on force steadiness depended on the number and twitch properties of the activated motor units.
Force steadiness (CoV force) was also influenced by the gain of the synaptic noise, at least for the model settings representing FDI. The influence of synaptic noise on force variability (slope of the regression lines) declined with an increase in target force (number of recruited motor units; Fig. 10A ). In contrast, the influence of variability in the PID control signal on force variability was not modulated by target force (Fig.  10B ). This indicates that force steadiness during contractions above a threshold force was entirely due to variability in the PID control signal.
The influence of discharge variability (CoV for ISI) on force variability (CoV for force) was limited to low target forces for various combinations of motor unit population size and upper limit of recruitment. The slope of the relation between CoVs for ISI and force, for example, was only significant (slope Ͼ 0.1) for a contraction to 4% MVC force with 200 motor units and not with a stronger contraction (25% MVC force) or more motor units (400; Fig. 11, A and B) . Similarly, the relation was only significant for a weak contraction (4% MVC force) Fig. 2 . Averaging effect of the summation of individual spike and twitch trains (spatial filtering). A: power spectra of 5 spike trains (gray lines) are shown with the power spectrum of the corresponding summation (black line). B: power spectra of the individual twitch trains (gray lines) and the summation (black line). Inset: power spectra in a smaller frequency range (0 -15 Hz). All spectra are normalized to the value at zero frequency (mean value). and an upper limit of motor unit recruitment of 70% MVC and not a stronger contraction (25% MVC force) or a 40% MVC force upper limit of recruitment (Fig. 11, C and D) . These effects are summarized in Fig. 12 , which shows the greatest target force (threshold level) at which the relation was significant (slope Ͼ 0.1) for all simulated combinations of motor unit population size (range 100 -500) and upper limit of recruitment (40 -70% MVC). Force steadiness at target forces below threshold, but not stronger contractions, was limited by synaptic noise. The threshold force was Ͻ5% MVC for most simulations, except for small motor unit populations (Ͻ200) or greater upper limits of motor unit recruitment.
DISCUSSION
The simulation results indicate that muscle contractile properties, size of the motor unit population, and the upper limit of motor unit recruitment establish a threshold force above which the influence of discharge variability on force variability is negligible. Although the low-pass filtering effect of force generation was an expected observation, this study quantifies the effect and indicates that the threshold force is low for parameters that match the characteristics of typical limb and hand muscles. Thus the synaptic noise attributable to the input received by the motoneuron has a negative influence on force steadiness only at low forces, which explains previous experimental observations. The Fig. 3 . Time-and frequency-domain representations of the spike trains and force from 3 motor units (MUs 1, 40, 80 ) and the net muscle force (in arbitrary units, au). The target force was 20% maximal voluntary contraction (MVC), and MU 80 was among the largest motor units recruited at this force. Fig. 4 . The simulated force for 20-s contractions at 5 target forces (A; 1%, 5%, 10%, 15%, and 20% MVC force), the average Ϯ SD discharge rate for all active motor units (B), CoV for force in simulations with (dash-dotted line) and without (solid line) motor unit synchronization (C), and the average CoV for ISI for all active motor units (D) for the simulated target forces. attenuation of the influence of synaptic noise is attributable to two filtering effects that act on the motor unit spike trains: one that imposes temporal filtering (TF) and another that provides spatial filtering (SF). Except for when the simulated muscle had either a small motor unit population or a large recruitment range, a sufficient number of motor units were active even at low forces (Ͻ5% MVC) to engage the low-pass filters (Fig. 11) . The simulation setting reflecting the FDI (120 motor units, full recruitment at 60% MVC force), represented one of the few cases in which the level of synaptic noise did have an influence on the force variability up to relatively high forces (up to ϳ20% MVC; Fig.  12 ), which is consistent with previous studies on this muscle (Jones et al. 2002; Moritz et al. 2005) and with the recent suggestion that hand muscle properties may not be optimally selected with respect to force steadiness (Fuglevand 2011; Hamilton et al. 2004) .
When the simulated force exceeded the threshold force ( Fig. 12 ), only the low-frequency content of the neural drive was transmitted to the muscle force (Fig. 7) . This was supported by experimental observations that the variability of FCC (estimate of the common input) increased its correlation with force variability as the target force increased, whereas the motor unit discharge rate variability showed the opposite trend (Fig. 5) . Moreover, experimental assessment of the association between ISI variability and force variability was poor at relatively low forces (10% MVC). This result was predicted by the simulations, considering that the average number of motor units in the abductor digiti minimi muscle is ϳ380 (Santo Neto et al. 1985 ) and assuming that the upper limit of motor unit recruitment is ϳ50 -60% MVC, as in other intrinsic hand muscles (Kukulka and Clamann 1981; Thomas et al. 1986 ) (see Fig. 12 ).
In the model, the slow fluctuations in muscle force were highly correlated with the output of the control algorithm, which represented the adjustments in the magnitude of the common input that maintained the target force, thereby reflecting the integration of the descending and afferent inputs into the neural drive sent to the muscle (Farina et al. 2012) . The control algorithm adjusted the descending drive at a frequency of 3 Hz, which is similar to experimental observations (Loram et al. 2011) . A previous simulation study showed that it is not possible to simulate realistic muscle forces in the absence of common low-frequency variability of motor unit discharge rates (Taylor et al. 2003) . Experimentally, these fluctuations are observed as a common drive to the motor unit population, which are usually at frequencies Ͻ2-3 Hz (De Luca et al. 1982b) , and the imposed fluctuations in motor unit discharge rates are correlated with the fluctuations in muscle force across several contraction levels (Negro et al. 2009 ).
These findings suggest that differences in force steadiness between adults and children (Deutsch and Newell 2001) , training-related improvements in old adults (Keen et al. 1994; Laidlaw et al. 1999) , and visual feedback conditions (Baweja et al. 2010; Slifkin et al. 2000) are mediated by changes in the low-frequency modulation of discharge rate rather than differences in synaptic noise. Similarly, pathological tremor arising from oscillatory descending input to the motoneuron pool (Raethjen et al. 2007 ) is transmitted in the motor output because this input is largely common to the entire motoneuron population (Christakos et al. 2009 ). Furthermore, the decrease in force steadiness in the presence of high levels of motor unit synchronization observed in the present study was likely attributable to increased variability in the magnitude of the simulated descending drive due to the difficulty experienced by the control algorithm to maintain a constant force with the increased probability of near-simultaneous twitches.
These results indicate that the scaling of force variability with force magnitude to produce a constant CoV for force (signal-dependent noise; Harris and Wolpert 1998), except at low forces ( Fig. 4C) (Galganski et al. 1993; Schmidt et al. 1979) , is attributable to features of the control signal produced by the CNS. Consequently, differences in force variability observed across muscles at forces Ͼ20% MVC (Hamilton et al. 2004 ) are related to the ability of the CNS to produce a stable neural drive to muscle rather than due to differences in either synaptic noise or intrinsic muscle Fig. 6 . Power spectra for the simulated forces up to 20% MVC. properties. Similarly, the decreased force steadiness observed in older adults (Galganski et al. 1993; Keen et al. 1994 ) may also be related to descending drive variability as well as a reduction in the size of the motoneuron population (Campbell et al. 1973; Tomlinson and Irving 1977) . Conversely, increases in twitch contraction times, such as occur with aging (Narici et al. 1991) , serve to improve force steadiness ( Fig. 9) .
According to the results of the present study, experimental observations suggest that muscle contractile properties, motor unit population size, and recruitment strategy have been selected to minimize the contraction force at which synaptic noise ceases to influence the motor output. At a given contraction intensity, for example, low-threshold motor units discharge at a greater rate than higher-threshold units (De Luca et al. 1982a ) and the twitch filtering of these units has the lowest cutoff frequency (Baldissera et al. 1998) , so that the main contribution to force has small variability. Furthermore, the distributions of rheobase currents of motoneuron populations are skewed toward low currents (Gustafsson and Pinter 1984; Powers and Binder 1985) , thereby increasing the number of active motor units at low forces and thus maximizing the effect of SF that depends on the number of active units (Fig. 12) . Also, muscles with few motor units (Ͻ200) generally employ a low recruitment range (Kukulka and Clamann 1981; Thomas et al. 1986 ), which favors SF at low forces by recruitment of a relatively large fraction of units at the same relative force (Fig.  12 ). In this way, the small number of units, which favors variability, is compensated by the small recruitment range, which has the opposite effect. Conversely, muscles with many motor units tend to have a greater upper limit of motor unit recruitment (Kukulka and Clamann 1981; Oya et al. 2009 ). Furthermore, motor unit recruitment thresholds are lower in the FDI of the dominant hand (which also produced the more stable force) compared with the nondominant hand (Adam et al. 1998 ).
In conclusion, synaptic noise only influences force steadiness at low forces, after which the fluctuations in force are attributable to low-frequency oscillations in the neural drive to muscle. Once a certain number of motor units are active, the influence of synaptic noise is filtered by the twitch (temporal) and summation (spatial) filtering effects of muscle properties. In muscles for which force steadiness is functionally significant, muscle and recruitment properties have likely been selected to engage the filtering mechanisms at low forces and thereby to minimize the influence of synaptic noise on motor output. Fig. 7 . Average peak correlations between the fluctuations in force and low-pass filtered composite spike train (CST) (cutoff frequencies of 3, 6, 9, 12, and 15 Hz) for target forces from 0.5-20% MVC for simulations without (A) and with (B) imposed short-term motor unit synchronization. Fig. 8 . Twitch of the smallest motor unit (MU 1) with the contraction time multiplied by 0.5 (solid line) and 2 (dashed line) (A) and power spectrum for muscle force with the contraction time of all motor unit twitches multiplied by 0.5 (solid line) and 2 (dashed line) for a 20% MVC contraction (B). The power is normalized to the maximal power of the first spectral peak. The frequency at the second spectral peak was greater for fast contraction times because of a greater average discharge rate to achieve the target force.
APPENDIX A: AUTO-AND CROSS-SPECTRA OF SPIKE TRAINS
Although derivations of the power spectrum of spike trains have been reported previously (Lago and Jones 1977; Pan et al. 1989 ), we provide a slightly modified version of such derivations and include the convolution by twitch force so that the spectral components can be compared with force steadiness.
A spike train ␥(t) can be modeled as ␥͑t͒ ϭ ͚iϭϪϱ ϩϱ ␦͑t Ϫ i͒
where i ϭ iT ϩ i with T the average discharge interval and i independent random variables with the same probability density function f i ͑x͒ ϭ q͑x͒∀i. The power spectrum G ␥ (t) of the process ␥(t)
can be computed as the Fourier transform of the autocorrelation function of ␥(t):
The first term in Eq. A2 is zero if 0, and if ϭ 0 we have
The second term can be computed as Fig. 9. A and B : median power frequency for muscle force (solid lines) and mean of all active single motor unit forces (dashed lines) when the contraction times were multiplied by 0.5 (A) or 2 (B). C and D: average peak correlations between the fluctuations in force and low-pass filtered CST (cutoff frequencies of 3, 6, 9, 12, and 15 Hz) for target forces from 0.5% to 20% MVC for simulations with the contraction times multiplied by 0.5 (C) or 2 (D). 
Therefore the autocorrelation function of ␥(t) depends on t and and is given by
R ␥ (t,) is periodic in the variable t with period T:
Because the mean and the autocorrelation of the process ␥(t) are periodic, its spectrum is the Fourier transform of the mean on a period T of the autocorrelation function (cyclostationary process). The averaged autocorrelation is given by
The first term in Eq. A8 can be approximated by assuming that the probability density function q(t) is zero outside the interval ͩ Ϫ T 2 , T 2 ͪ . In this case we have Fig. 11 . Scatterplots and linear regression lines between CoV for ISI and CoV for force during contractions at target forces of 4% (circles and dash-dotted lines) and 25% (triangles and broken lines) MVC. Each simulation was repeated 8 times, and the gain of the synaptic noise was varied between 0.5 and 2. The simulations varied the size of the motor unit population and the upper limit of recruitment: 200 and 60% (A); 400 and 60% (B); 150 and 70% (C); 150 and 40% (D). Fig. 12 . Greatest target forces at which the slope of the linear relation between CoV for ISI and CoV for force was Ͼ0.1 for all combinations of motor unit population size (100, 150, 200, 300, 400, and 500) and upper limits of motor unit recruitment (40%, 50%, 60%, and 70% MVC).
